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Abstract

Clinical decision making is driven by information in the form of patient data

and clinical knowledge. Currently prevalent systems used to store and retrieve this information
have high failure rates, which can be traced to well-established system constraints. The authors
use an industrial process model of clinical decision making to expose the role of these constraints
in increasing variability in the delivery of relevant clinical knowledge and patient data to
decision-making clinicians. When combined with nonmodifiable human cognitive and memory
constraints, this variability in information delivery is largely responsible for the high variability
of decision outcomes. The model also highlights the supply characteristics of information, a view
that supports the application of industrial inventory management concepts to clinical decision
support. Finally, the clinical decision support literature is examined from a process-improvement
perspective with a focus on decision process components related to information retrieval.
Considerable knowledge gaps exist related to clinical decision support process measurement and

improvement.
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Health care can be considered an industrial process, a
view which has become more acceptable lately due to
the successful application of industrial quality im-
provement methods in health care settings'” and the
increasing recognition of the role of systems in pro-
ducing variation and error.** If delivering health care
is likened to an industrial production, then the main
production process is clinical decision making and
the main products are clinical decisions. A key ingre-
dient required to fuel decision production is infor-
mation in the form of clinical knowledge and patient
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medical history data.”® The production worker is the
clinical decision maker who brings memory-based ex-
pertise and knowledge to the process.*

Yet, from a systems perspective, human memory is
largely nonmodifiable. Efforts to improve decision
production processes should thus focus on non-
memory-based, or external, information storage and
delivery systems that supplement clinician memory-
based information. Adopting a production view of de-
cision making with an emphasis on externally stored
information sources has important implications for
clinical guideline implementation, error reduction, cli-
nician workflow and productivity, and justification of
computerized patient-record systems. Such a view is
not intended to diminish the essential role of individ-
ual clinician expertise and skill in making clinical de-
cisions. Rather, it is meant to explain the high decision
variability associated with current levels of process
dependence on individual memory and serves to fo-
cus attention on information retrieval aspects of de-

*The focus here is on encounters related to arriving at recom-
mendations for treatment or further diagnostic testing.
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cision processing that are more amenable to improve-
ment than human memory.

In spite of the critical role of information in producing
decisions, systems that support its efficient and effec-
tive delivery to clinician decision makers have gen-
erally been lacking in health care production en-
vironments, with demonstrable adverse effects.”
Surprisingly, the process of delivering basic clinical
knowledge and patient data to clinical decision mak-
ers has received relatively little attention from infor-
matics researchers.”” The informatics literature also
sheds little light on information delivery process var-
iables and methods to measure them. For instance,
most of the published evaluative work related to the
retrieval of clinical knowledge and patient data by
clinical decision makers focuses on decision outcomet
rather than decision process components.’""> While
the problem of limited retrievability of patient data
and essential clinical knowledge to support clinical
decision making is widely acknowledged, and while
the need for computerized patient record (CPR) sys-
tems to address this is regarded as a fundamental
truth in informatics," there is little empirical data
available to permit an estimation of decision-making
process gains that could be expected to result from
implementation of such systems.”"

This article addresses these problems. A simple model
of the health care encounter as an industrial process
is presented that, because of the central role played
by decision making in that process, incorporates a
clinical decision making model. This combined model
is used to demonstrate how system constraints result
in highly variable information delivery to decision-
making clinicians. When incomplete data is combined
with the limitations and variability of human memory
and cognitive processing, high variability in decision
outcomes is the expected result. Since outcome vari-
ability is usually attributable to process variability,
methods to measure and reduce decision-support pro-
cess variability are explored. In particular, relevant
prior work is discussed from a process improvement
perspective, and significant knowledge gaps related to
monitoring decision support processes are exposed. In
so doing, we hope to highlight the need for further
decision-support research focused on the delivery of
appropriately selected and displayed patient data and
clinical knowledge to clinicians. Finally, the combined
model is used to help develop the concept of infor-
mation as a production supply to which industrial in-
ventory management principles can be applied.

tDecision “outcome” as used here refers to the actual decision
made, not to the outcome of care that may have resulted from
testing or treatment related to a decision.
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Figure 1 Decision-making model.

A Process View of Clinical Decision Making

A Decision-making Model

A simple model of clinical decision making, patterned
after the more general “information processing sys-
tem” model for the human decision maker put for-
ward by Newell and Simon over 20 years ago, is pre-
sented in Figure 1.”"® According to this model,
physicians pay attention to clinical information that is
perceived (presenting complaints, medical history,
physical examination, and laboratory findings), com-
bine this information with medical domain knowl-
edge stored in their own memory or available in some
form of “external” memory (i.e., reference texts, jour-
nal articles, personal complendia), and then make in-
ferences that lead to decisions or conclusions. The
general relevance of the model to clinical decision
support, including specific process weaknesses with
corresponding opportunities for computers to assist
with decision making, has been discussed elsewhere."”

The model’s relevance to this article lies in its explicit
representation of the role of internal (i.e., memory-
based) and external knowledge and patient data
sources in decision making. Other decision-making
models, which tend to focus on inference, handle the
concept of information supply implicitly via the con-
sideration of decision making under conditions of
uncertainty.”~** These models generally consider un-
certainty to arise as a result of a clinical situation for
which there is no sound scientific evidence available
to help guide decision making. The information-avail-
ability issue addressed by this article, on the other
hand, relates to facilitating access to pertinent patient
data and/or relevant clinical knowledge that exists
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but is frequently inaccessible when needed for deci-
sion making because of system constraints.”® The
model’s representation of inference as an undefined
process also fits nicely with the present focus, which
is the supply of information to support inference
rather than inference itself.

A Process Model of Decision-based Health Care
Encounters

Clinical decision making can be characterized by an
industrial process model with process inputs and out-
puts and supplies needed to fuel the process (Fig. 2).1
While such a characterization is hardly new,” it is re-
sisted by clinicians who believe that every encounter
is unique and that medicine, which routinely deals
with life and death rather than nuts and bolts, is fun-
damentally different from manufacturing. Yet it is pre-
cisely because the stakes are so high that such a pro-
cess orientation is warranted, as error in medicine is
usually a result of systems or process failures rather
than the shortcomings of individuals.”* Besides, clin-
ical encounters are not really all that unique. Most
primary care encounters can be attributed to a limited
number of complaints,” and many decision tasks are
routine and recurring (e.g., deciding whether or not
to order imaging studies for a patient with back pain).
Although the combination of decision inputs and the
information supplies necessary to process them may
be unique for any given encounter, the types and
sources of these inputs and supplies and the processes
involved in acquiring them are limited. For instance,

1Other important products besides decisions result from clini-
cian—patient encounters, such as satisfied or educated patients,
but these are not considered here. This is not intended to min-
imize the importance of aspects of patient care not mechanis-
tically related to formulating recommendations.

the types of patient data of most importance to clinical
decision making are easily defined,” and generic
“prototypical questions” commonly posed by clinical
decision makers have been described.” In essence,
much of the patient data and many of the clinical
knowledge needs associated with recurring decision
tasks can be anticipated.

As seen in Figure 2, the decision-producing process
begins following a patient-generated service request
Ithat leads to an encounter with a clinician.§ As a re-
sult of that encounter, decisions are made that lead to
recommendations for treatment and/or further diag-
nostic testing, the principal outputs of the process.
Since decision making constitutes the most visible
portion of the encounter process, the decision-making
model presented earlier can be substituted for the
black process box in Figure 2, with the process inputs
and supplies defined by the decision-making model.
The resultant combined model (Fig. 3) is created by
rotating the decision-making model 90 degrees coun-
terclockwise and superimposing it onto the encounter
process model. In so doing, it becomes clear that long-
term memory-based and externally stored informa-
tion are key supplies that must be delivered to work-
ing memory during the encounter process.

In addition to highlighting the role of information as
a production supply, the combined model helps to
demonstrate the effect of constraining access to infor-
mation sources on process output variability (i.e., de-

§In addition to face-to-face interactions, decision-based encoun-
ters include telephone calls, prescription refill requests, and the
clinician review of test results even when a patient is not pres-
ent.
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Figure 3 Process view of decision-producing encoun-
ter. System constraints operating at A force increased in-
formation supply dependence at B.
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cision variability). Limited access to externally stored
information, a result of system constraints described
later, forces increased process dependence on mem-
ory-based information. Yet interclinician memory con-
tent is highly variable due to variability in combina-
tions of medical school, residency, and practice
experience. Variable retention in memory and variable
retrieval efficiency from memory further compound
this exposure-related memory content variability.
Given the highly variable nature of memory-based in-
formation, decision process dependence on memory
as the information source is likely to be associated
with a higher level of decision variability than when
the information source is more stable and predictable.
Since the large variability in interclinician memory is
not likely reducible, the model suggests that attempts
to reduce decision variability should focus instead on
reducing variability in the content and availability of
externally stored information.

System Constraints on Information Access

Individual Cognitive Constraints, Human Error,
and Systems

Clinicians operate under well-recognized cognitive
constraints.””” Given these cognitive limitations, the
need for clinicians to simultaneously manage the myr-
iad decision inputs and information supplies typical
of many clinical decisions presents a serious problem.
Cognitive constraints have traditionally been blamed
for many errors in medicine and are responsible for
the so-called “knowledge—performance gap,” the mis-
match between what physicians know and how they
actually behave in practice.” Cognitive constraints are
inherent to the human condition, however, and are
not correctable (i.e., the “nonperfectability of man”?);
results are a property of the system, and individuals
operating within that system cannot improve their
performance on demand.* Efforts to improve decision
making must therefore focus on improving systems
rather than individuals.*

If the system within which decision making occurs
determines the extent to which fixed individual cog-
nitive processing constraints ultimately impact deci-
sion outcomes, then systems designed to compensate
for these constraints should improve decision perfor-
mance. This has, indeed, been convincingly proven to
be true. Decision support systems that incorporate
computerized reminders and alerts, for example, have
repeatedly been demonstrated to improve decision
compliance with accepted standards,”® * so much so
that inclusion of control groups in the design of future
randomized trials to study reminder system effective-

ness may be unethical.® On the other hand, deci-
sion-improvement strategies that do little to alter the
system within which clinicians make decisions have
generally not been shown to be successful.** For in-
stance, traditional guideline implementation strate-
gies (e.g., dissemination, education, incentives) may
actually increase cognitive burden and usually do not
produce significant sustainable changes in clinician
decision-making behavior unless accompanied by a
system improvement such as an alternative informa-
tion delivery strategy.”>*

System Constraints Related to Information
Access

Since systems may ultimately determine the degree to
which fixed human cognitive constraints are actually
expressed as poor decisions, it is important to under-
stand the common systems within which clinical de-
cision making occurs and their associated constraints.
In a study of the role of system failures in human
error in medicine, Leape et al.” detected 264 prevent-
able adverse drug events attributed to 16 separate sys-
tem failures in a large urban hospital system. The two
most common system failures detected, inadequate
dissemination of drug knowledge and inadequate
availability of patient data, were associated with 29%
and 18% of errors, respectively.” The finding that sys-
tem constraints related to the availability of externally
stored clinical knowledge and patient data figure so
prominently in poor decision making is consistent
with predictions based on the combined model pre-
sented earlier. Moreover, system modifications de-
signed to reduce these constraints have been clearly
demonstrated to improve decision making.'"**%
Specific failures associated with systems for storage
and retrieval of clinical knowledge and patient data
should be considered in the context of a more general
operating constraint in clinical production environ-
ments: time pressure.” Time pressure, cited most com-
monly by physicians as being responsible for their
mistakes,* unmasks the information access inefficien-
cies described below.

Clinical Knowledge Storage and Retrieval Systems

Today, the burden of maintaining and accessing clin-
ical knowledge resources rests on the individual cli-
nician. Each clinician must develop and manage a
wide array of external knowledge resources.” Many
of these resources, such as a personal file system or a
handwritten compendium, must be personally devel-
oped and maintained. Others, such as a library or lo-
cally accessible CD-ROM literature database, are
maintained organizationally. Even though clinicians
are not individually responsible for maintaining this
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latter type of resource, they still must manage access
to them and maintain resource-specific navigational
and information retrieval skills.

There are several serious problems with a knowledge
storage and retrieval system that must be managed
by individual end users of the system. Foremost
among these is redundancy, with respect to both effort
and storage. Since maintenance responsibility falls on
the shoulders of the system users, all users are effec-
tively replicating the efforts of other users when they
attempt to create and maintain their own personal
cluster of knowledge resources. Given the magnitude
of individual effort required to maintain even a single
resource cluster component, such as a personal file of
journal articles," the redundancy of effort involved in
having all users each maintaining multiple similar re-
source components is staggering. Equally impressive
is the redundancy of content in such a system, which
occurs both across and within clinicians. Articles
stored in the files of one clinician are likely to be sim-
ilar to articles in the files of other clinicians. Moreover,
other knowledge resources, such as textbooks, prob-
ably contain much of the same information found in
the article file. Content replication within an individ-
ual clinician’s resource cluster helps to compensate for
the retrieval inefficiency described below, as the like-
lihood of locating a desired knowledge item in a
timely fashion increases with the number of storage
locations for that item. Content replication across re-
source clusters is an unavoidable byproduct of a
knowledge publication and distribution system de-
pendent on locally stored printed material.

Retrieval inefficiency is another major problem with
clinician-directed knowledge resource maintenance.
Barriers to retrieving knowledge are either physical or
functional: physical barriers are those related to the
distance of a resource from where patient care is ac-
tually occurring, while functional barriers relate to the
organization and searchability of any given knowl-
edge resource once it has been physically accessed.”
Functional barriers are resource specific and also in-
clude extensiveness and relevance. Knowledge re-
source cost variables (availability, searchability) pre-
dict knowledge resource use better than perceived
resource benefit (i.e., the quality of the knowledge re-
source).” Searching MEDLINE, for instance, fre-
quently yields a low ratio of clinical applicability-to-
retrieval effort,” * and it is thus used infrequently in
production settings.”** Time and effort are the major
barriers to knowledge access: these barriers have
largely blocked the integration of knowledge seeking
into usual workflow and have traditionally limited
the usefulness of decision-support applications.”®*”~*

Yet another serious problem with separately main-
tained knowledge resources is excessive content var-
iability. This is due largely to factors which affect in-
dividual decisions to add new items (e.g., a new
article or book) to existing personally maintained re-
sources. Besides differences in the dollar costs of re-
sources and individuals’ ability to pay for them, these
factors include differing individual areas of interest,
differing perceived personal knowledge gaps, differ-
ing perceptions of the significance and prevalence of
particular clinical problems, and varied levels of in-
dividual effort and skills related to resource mainte-
nance. Problems related to the distribution of update
information introduce another source of content var-
iability into individually maintained resources: Si-
multaneous delivery of new knowledge to such a
widely distributed system is virtually impossible, and
highly varied information dissemination is the norm
rather than the exception.®' Since large content and
retrieval variability are inherent properties of clini-
cian-directed knowledge-access systems, these sys-
tems are unable to compensate for the large variability
of memory-based knowledge. The result is the inabil-
ity to reliably update decision-making clinicians in a
timely fashion. Awareness of the importance of
knowledge updating for clinical problem solving is
not new,”” but recent evidence from the study by
Leape et al.’” linking knowledge-access constraints to
clinician errors provides compelling documentation of
just how serious the problem is.

The widespread existence of a knowledge-support
system characterized by seemingly unacceptable lev-
els of redundancy, inefficiency, and variability can
perhaps best be understood if one considers that this
system was probably never consciously conceived of
as a “system” in the first place. Rather, in most health
care delivery settings, this loosely connected array of
redundant knowledge resources managed by end
users has emerged by default in the absence of orga-
nizationally sanctioned clinical knowledge storage
and delivery master strategies. Yet information is the
“central and indispensable tool of practice.”® That an
organization would not provide such an essential pro-
duction tool to its workers stems from the traditional
treatment of physicians as independently contracted
professionals who must supply their own knowledge
storage and retrieval tools, rather than as employed
production workers. In fact, the number of physicians
who are independent contractors or part owners of a
practice is declining rapidly. The proportion of patient
care physicians practicing as employees rose from
24.2% in 1983 to 42.3% in 1994, and nearly two-thirds
of physicians in practice for less than five years prac-
tice as employees.” While this shift in physician role
from independent contractor to employee appears to
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agement paradigm shift.

be accelerating,” a parallel shift in responsibility for
the management of externally stored clinical knowl-
edge as a production tool has yet to occur. In the ab-
sence of real-time knowledge support, quality is fre-
quently dependent on inspection by others to detect
and correct errors later. Interestingly, physicians rarely
complain about inadequate institutional knowledge
support, perhaps because they are too busy to con-
sider the flaws of usual knowledge-management
strategies.*

The logical solution to the above problems of redun-
dancy, retrieval inefficiency, and update distribution
involves a critical change from a system in which
knowledge resources are maintained by individual
clinicians to a system in which clinicians have ready
access to centrally developed and maintained knowl-
edge resources (Fig. 4). Moving away from a clinician-
directed model toward a resource-centric system pro-
vides a clear example of the paradigm shift in
knowledge management recently discussed by Ma-
theson™ in this journal. While this shift may have al-
ready begun to occur as a result of technological ad-
vances related to Web clients and servers,™
considerable information indexing and retrieval hur-
dles remain.” In spite of the obvious role of technol-
ogy in implementing the shift, it is important to keep
in focus that the shift is not about the move from pa-
per to computer-based information; instead, it is
about the move from clinician-directed to resource-
directed information organization and distribution.

Finally, viewing knowledge retrieval from a systems
perspective ought to moderate the objectives of in-
creasingly popular medical school and residency in-
formatics curricula.” Unless accompanied by substan-
tive improvements in information storage and
delivery systems, training individual clinicians to be
better information retrievers will do little to solve the

Resource-directed
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knowledge management problems outlined above.”
Moreover, a truly successful information-retrieval sys-
tem should integrate retrieval into usual workflow
and require minimal training to use.”

Patient Data Storage and Retrieval Systems

The principal patient care-related functional require-
ment of a patient-record system is that once recorded,
data should be rapidly and reliably retrievable (ide-
ally, in the context of related observations).” Paper-
record systems are rarely able to meet this simple re-
quirement, and the disorganization and consequent
limited retrievability of patient data contained in tra-
ditional medical records is widely acknowledged to
hamper routine decision making by clinicians.'"

The medical record can be viewed as an interwoven
system of stories, often with multiple authors.” In
practice, decision-making clinicians must be able to
use the record to reconstruct stories related to specific
clinical problems. To accomplish this, physicians rou-
tinely use the following four retrieval strategies with
medical records: (1) first-time reading, or getting a fast
overview and understanding of a case; (2) re-reading,
or triggering of a memory picture; (3) searching for
facts (i.e., targeted data retrieval); and (4) problem
solving.”” These retrieval strategies are accompanied
by several levels of text processing ranging from read-
ing all the words in a paragraph to skipping a para-
graph altogether. Graphical, textural, and positional
features of the chart, logically related and controlled,
are essential for orientation, navigation, and effective
limitation of search space.”

Retrieving data from paper records is thus like an im-
provisational dance with highly conditioned cues trig-
gering each sequence of steps. While mastery of med-
ical record navigation is an essential clinical skill, no
amount of navigational skill can overcome the sys-
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temic limitations of paper records. Placing a current
clinical event in proper context, for instance, often re-
quires that a physician thumb through a thick paper
record with relevant information scattered through-
out. This is a time-consuming and labor-intensive en-
deavor that can easily overwhelm human cognitive
processing limitations and render the paper record
virtually useless when it is most needed."

Retrieving data from patient records is frequently as-
sociated with overt process failure, a fact largely at-
tributable to retrieval inefficiency and incomplete
storage (i.e., missing data).”***' Tang et al.” found that
pertinent patient data were unavailable in 81% of
cases studied in an internal medicine clinic with a
mean of 3.7 missing data items per case, even though
the medical record itself was unavailable only 5% of
the time. Most of the unavailable data items were gen-
erated at the study institution and would thus have
been expected to be available. Data relating to prior
diagnostic testing accounted for 36% of the unavail-
able data, while data relating to medical history and
past medications/treatments accounted for 31% and
23%, respectively. Although alternate professional
data sources, the patient, and/or family members
were used to successfully reconstruct history in 68%
of instances of missing data items, the data need sim-
ply went unmet in the remaining 32%.” A survey of
internists by Zimmerman® also documented a high
data retrieval failure rate: 69% of respondents re-
ported significant difficulty in retrieving the data they
desired, and such difficulty occurred about 25% of the
time. These failure rates are all the more impressive
when added to the failure rate for retrieving the rec-
ord itself, which can be as high as 30%."* In addition
to reducing decision-making efficiency, these patient
data access constraints have been clearly demon-
strated to adversely affect decision outcomes’ and in-
crease resource utilization."”"” As with knowledge
storage and retrieval systems, storage redundancy in
paper record systems partially compensates for re-
trieval inefficiency. Problems with paper records, in-
cluding those related to incompleteness, redundancy,
and retrieval inefficiency, have been cataloged else-
where."

Information as Inventory

Viewing decision-generating health care encounters as
an industrial process and externally stored informa-
tion as a critical production supply suggests that in-
dustrial inventory management strategies can be ap-
plied to medical information management. Indeed,
concepts such as storage redundancy, understocking,
and retrieval inefficiency (i.e., difficulty locating stock)
all invoke the image of information as inventory. As

pointed out above, usual information inventory man-
agement strategies frequently fail outright to deliver
needed clinical knowledge® and patient data’ in a
timely fashion. Knowledge delivery, for instance, of-
ten bears no temporal relationship to a patient en-
counter where it is actually needed. This approach is
exemplified by usual continuing medical education™
and guideline-dissemination strategies.” Another
flawed approach that is temporally related to specific
patient encounters involves the postencounter deliv-
ery of feedback to physicians, most commonly by
pharmacists reviewing drug orders. Common errors
detected are usually related to drug dosing, drug-
drug interactions, patient medication allergies, or for-
mulary restrictions. Some forms of disease state man-
agement also deliver postencounter patient-specific
feedback, usually triggered by computer algorithms
applied to electronically available laboratory and
claims data.”*” Although delayed information deliv-
ery strategies do help prevent error, they represent an
attempt to manage decision quality via inspection and
involve considerable rework.”

Berwick® has recently called attention to an alternative
inventory management approach in health care pro-
duction environments. This strategy, called just-in-
time (JIT), strives for continuous production flow:
supplies are delivered when actually needed, an ap-
proach that minimizes overstocking and production
stops.” The effect of successful implementation of JIT
management is conversion from a “push” system,
where work in progress is merely pushed along to the
next stage in the production process, to a “pull” sys-
tem, where each process step anticipates supply re-
quirements of the next step and pulls those supplies
so that they are available at the beginning of that next
process step. Such a pull system already occurs in
health care with procedure-based encounters: neces-
sary equipment is sterilized and ready for use before
the clinician arrives to perform the procedure. Al-
though equally sensible, this same approach has not
been effectively instituted for decision-based encoun-
ters. While pulling a patient’s chart so that it is avail-
able at the time of an encounter does anticipate in a
macro sense the patient medical history data needs of
the physician, this strategy often fails to deliver
needed information at a more granular level. More-
over, it does not include the delivery of relevant clin-
ical knowledge.

This notion of anticipating what clinical knowledge
and which patient history items need to be delivered
to a decision-making clinician is most applicable to
those decision tasks that are recurring. Besides con-
suming considerable clinician time and cognitive ef-
fort resources, these recurring tasks have in common
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a task-specific set of readily anticipated patient data
and clinical knowledge information needs. It is these
routine decision tasks with anticipatable information
supply requirements that should be most amenable to
systematic improvement. Because these decision tasks
occur commonly, such improvement should be asso-
ciated with a large productivity payoff. Anticipatory
patient data and clinical knowledge delivery also rep-
resent a natural extension of Tang’s concept of generic
“prototypical questions” to specific clinical situations.’
An example of JIT information delivery for one com-
monly recurring decision task, interpretation of a se-
rum cholesterol test result, is shown in Figure 5.

Implementation of JIT requires the capture of coded
triggers to activate appropriate information displays.
In order to make this strategy work, enough patient
data and clinical knowledge must be available elec-
tronically and identifiable as relevant to specific de-
cision tasks. While the use of a structured clinical vo-
cabulary is essential to support JIT triggers,” it is not
necessary to completely codify the patient record to
achieve effective JIT information delivery.” Rather,
blocks of descriptive text need only be tagged to fa-
cilitate indexing and future retrieval for problem-spe-
cific summary displays. This is fortunate, as a stan-
dardized clinical vocabulary capable of efficiently
representing all clinically relevant concepts may not
yet exist, and achieving a completely coded record is
not feasible with current technology in production set-
tings.”>” Besides, merely retrieving passages of un-
structured text for visual scanning and interpretation
matches established patterns of patient record use by
decision-making clinicians for individual patient
care.”

While rarely labeled as JIT, efforts to implement JIT
decision support have generally revolved around
physician order entry (POE), with considerable suc-
cess.'*7*707 Templates can also be used to implement
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JIT decision support either during data gathering or
during order entry.”” Because of the requirement for
increased computer data entry by physicians that usu-
ally accompanies POE or the use of templates, these
strategies must be implemented in a fashion that im-
proves overall workflow or risk rejection by physician

users.”>”*

Process Improvement and Decision Making

Defining Process Variables

The use of industrial process-improvement methods
has become quite popular in health care settings.*”>”
Like the systems view of human error discussed ear-
lier, process improvement emphasizes poor process
design as the cause of substandard care rather than
individual incompetence: its goals are to improve
mean performance and reduce performance varia-
tion."* Information seeking, as a highly visible part
of the decision-making process, is a logical process
component upon which to focus measurement efforts.
Candidate process variables related to information
seeking include source-specific and/or data-specific
seek times and failure rates for patient historical data
and/or clinical knowledge, retrieval accuracy, deci-
sion-making performance (e.g., decision-making time,
accuracy, and variability), and decision-maker satis-
faction with, or difficulty ratings of, information seek-
ing.

Research on the effectiveness of computerized deci-
sion-support applications has traditionally empha-
sized the outcomes of decision making rather than the
process of decision making. For instance, studies of
the effectiveness of computerized reminder systems
have generally used physician behavior as the prin-
cipal end point (e.g., whether or not an appropriate
action was taken in specific clinical circumstances,” a
screening test was recommended or dispensed,””® or
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a vaccine administered”). How much decision-mak-
ing time related to information retrieval is saved, if
any, has usually not been addressed. Similarly, most
of the published work related to the decision-making
impact of varying displays of patient data'”" or rele-
vant knowledge'"'"” has focused on decision outcomes,
with an emphasis on billable resource utilization other
than decision-maker cognitive time and effort. At first
glance, Blumenthal’s® call for the widespread appli-
cation of industrial quality management science to
clinical decision making appears to address this pro-
cess orientation gap.® However, Blumenthal stops
short of recommending the application of process im-
provement methods to monitoring the decision-mak-
ing process itself. Instead, he emphasizes the devel-
opment of a statistical quality-control view of
physiologic and pathophysiologic variables (e.g.,
blood pressure values) in order to help clinicians rec-
ognize when stable physiologic processes become un-
stable. The recent use of statistical process control
methods by Kahn et al.*' to monitor expert system
performance appears to be a step in the right direc-
tion.

Clinical Knowledge-Retrieval Process
Measurement

Several authors have studied the knowledge-seeking
behavior of physicians, and a recent overview is pro-
vided by Hersh.*” While these efforts have character-
ized physician clinical-knowledge needs**~* and re-
source preferences,”******¥~* they have not measured
actual knowledge-retrieval process components other
than providing estimates of service-request frequency
and process-failure rates. For instance, no estimates
exist for the time spent on an average clinical knowl-
edge-retrieval task. Estimates of service-request fre-
quency vary widely|| depending on how questions are
gathered, and they range from one clinical knowledge
question generated for every 15 patients in primary
care settings® to 1.8 questions per patient in the in-
patient setting.* Estimates of ambulatory care process
failure (unmet clinical knowledge need during an en-
counter) range from 0.12* to 5.2* unanswered ques-
tions per half day, or from 8% to 70%" of the total
number of questions identified. Similar estimates
presently do not exist for the inpatient setting. Con-
siderably more process data exist for MEDLINE
searching than for knowledge retrieval in general.****?

|[The variation in these estimates is due to differing methods
used to quantify information needs, ranging from mail survey-
based recall,”” immediate postencounter interviewer-stimulated
recall,”’, delayed interviewer-stimulated recall,” video-stimu-
lated recall®” to tape-recorded™ and anthropologist-based® ob-
servation of recognized and verbally stated questions.®***

These data are of relatively little use for knowledge-
support process improvement, however, as literature
searching represents only a small fraction of physician
knowledge-seeking behavior.”

In addition to failing to define knowledge retrieval
process components, studies characterizing knowl-
edge needs may be misleading with respect to under-
standing the relationship between knowledge deliv-
ery systems and decision variability. This is because
the recall®™ and observational®** methods used to
study clinical knowledge retrieval are biased toward
eliciting consciously recognized and possibly extraor-
dinary knowledge needs. For instance, of 103 unan-
swered questions from family physicians collected in
a recent study, only 4 were asked by more than 1 phy-
sician.* This suggests that knowledge needs related
to routine clinical situations are frequently not rec-
ognized, perhaps because clinicians who deal with
such situations feel unduly confident that they know
the proper way to manage them.>"”

Unrecognized knowledge needs related to routine de-
cisions may thus play a larger role in practice varia-
tion than recognized knowledge needs related to ex-
traordinary decisions. This is significant because it is
the large variation in such routine decisions that is
both most disturbing from a health policy perspective
and logically most amenable to reduction by improve-
ment in knowledge delivery systems. Moreover, since
routine decisions occur with high frequency, im-
proved knowledge delivery efficiency related to rou-
tine decisions will likely be associated with higher
productivity payoffs than improved efficiency related
to nonrecurring decisions

Patient Data Retrieval Process Measurement
Data From Clinical Production Environments

An understanding of processes related to knowledge
retrieval alone, however, is not enough; most clinical
decisions require a synthesis of clinical knowledge
and patient data.”® As with clinical knowledge re-
trieval, process-oriented literature related to patient
data retrieval is sparse.” We have found no published
observational data from production settings regarding
the amount of physician time spent retrieving data for
specific decision tasks. Nonetheless, there is some
data available regarding time spent retrieving patient
data in general. Using work-sampling/time-motion
methods. Mamlin and Baker” found that physicians
in a general medicine clinic spent 38% of their time
charting (data retrieval and entry, combined), or 12
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minutes out of the average 31 minutes spent per pa-
tient. Tang et al.,”* using observational methods across
a variety of clinical settings, found that on average
physicians spent 9% of their time reading. About 60%
of physician reading activity in this study was related
to retrieving patient data, and 8% was related to re-
trieving clinical knowledge. Zimmerman,” using re-
call-based methods, found that internists spent from
3% to 75% (median 25%) of their total time per patient
studying the medical record, or from 1 to 25 minutes
(median 7.5 minutes) per patient. Another study
found that nephrologists spent an average of 5
minutes per patient reviewing the medical record be-
fore entering the examination room.”

Data From Patient Data Retrieval Simulations

Given the difficulty of accurately isolating and mea-
suring patient data retrieval process components as-
sociated with specific decision tasks under actual
working conditions, it is not surprising that decision-
making simulations have played an important role in
our understanding of the impact of patient data re-
trieval structures on retrieval process and decision
outcomes. We are aware of only 2 such studies, how-
ever, published over 20 years apart. The first was a
simulated data retrieval exercise designed to compare
the impact of four different paper-record formats on
the task of retrieving standard patient data from the
record. In that study, Fries” found that a record with
fixed-format, time-oriented flow sheet organization
permitted access to data in one fourth the time of
other formats. Retrieval accuracy was also improved:
no errors in data retrieval were observed with the
time-oriented record compared with a 10-15% error
rate with other formats. This work was recently rep-
licated by Willard et al.”" using alternative computer-
ized patient data display formats. In this study, a tar-
geted data retrieval simulation was used to compare
data retrieval times and accuracy for clinical micro-
biology results using a Web browser-based reporting
system versus a conventional laboratory reporting
system. Participants using the browser-based system,
which provided a summarized data display with fa-
cilitated access to more detailed information, were
able to answer a set of routine questions (e.g., “From
what site and when has Pseudomonas aeruginosa been
isolated?”) in 45% less time than with the conven-
tional reporting system. Half of the searches using the
conventional results-reporting system involved at
least one major retrieval error, whereas no errors were
seen with the summarized display system.”

Unpublished data from a pilot study conducted by
one of the present authors (RE) extends these findings

from targeted data retrieval to simulated decision
tasks: physician interpretation time for new serum
lipid test results was reduced by 39% when the usual
paper record was accompanied by a printed summary
display of patient data relevant to lipid management.
Interestingly, low-density lipoprotein cholesterol goal
setting, a cornerstone of lipid-related decision making,
was more often concordant with guideline recommen-
dations when the summary display was available,
even though the display did not include knowledge-
based advice. (Elson, RB. The impact of anticipatory
patient data displays on physician decision making: a
dissertation proposal for a doctoral degree in health
informatics, University of Minnesota, accepted April
1996.)

Data obtained during actual work in production set-
tings corroborate the findings from these simulations.
The use of a cholesterol summary reporting system at
a large Minnesota health maintenance organization
has cut the average physician interpretation time for
new lipid test results from 101 seconds to 49 seconds
per test, with estimated plan-wide savings of $100,000
per year (personal communication, Michael Koop-
meiners, MD HealthPartners, Minneapolis). Garrett et
al.” conducted a randomized clinical trial to compare
the efficacy of a CPR with that of the usual paper
record in a nephrology clinic. They found that during
encounters in which physicians were assigned to use
a CPR, less time was spent obtaining data from the
record and significantly fewer data retrieval errors
were made related to overlooking medical problems
and drug therapies.”

Conclusions

Efforts to improve clinical decision making based on
educating and/or motivating individuals have had a
minimal impact on decision-making quality and var-
iability, due in large part to nonmodifiable human
memory and cognitive processing constraints. We
have presented a view of decision making as an in-
dustrial production in order to facilitate the identifi-
cation of modifiable sources of decision-making vari-
ability external to individual decision makers.
Currently prevalent systems that control access to
available clinical knowledge and patient history data
constrain decision-maker access to information
needed to optimally process clinical decisions. These
systems thus contribute to excessive decision varia-
bility and are responsible for process failure rates that
would be considered unacceptably high in almost any
industrial production setting.

In spite of the obvious importance of clinical knowl-
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edge and patient data to clinical decision makers, pro-
cess data related to retrieving these types of infor-
mation remain scarce. Such items of data are
important for effective decision-support process im-
provement and for measuring the value of clinical in-
formation systems. While characterization of clinician
information-seeking behavior permits estimation of
the demands likely to be placed on information stor-
age and retrieval systems, it is ultimately the systems
themselves that must be examined and modified if the
problems of knowledge updating for clinical problem
solving and unreliable retrieval of patient data are to
be solved. As the use of electronic patient data and
clinical knowledge sources increases, it will become
easier to track information seek times and other pro-
cess variables related to information retrieval in clin-
ical production settings. While this will facilitate ef-
forts to incrementally improve computer-based
information-retrieval processes, we may never be able
to quantitatively compare such processes with their
paper-based equivalents unless similar data are col-
lected now. Decision-making simulations provide a
feasible method for collecting such data.

Admittedly, the absence of formal quantitative assess-
ments of information retrieval efficiency gains associ-
ated with CPR systems will not likely hinder their
adoption. As evidence of the harmful effects of current
information support systems and the beneficial effects
of computerized alternatives on decision quality and
resource utilization continues to mount, maintenance
of the status quo will increasingly become difficult to
justify. Simultaneously, competitive advantage related
to patient care workflow efficiency along with more
efficient capture of data for performance measurement
will make computerized systems easier to justify.
Changes in physician roles from independent contrac-
tors to employees, coupled with the increasing recog-
nition of the inability of individual physicians to ef-
fectively meet their information needs on their own,
should further increase pressure on organizations to
develop new information-support strategies.

As these strategies are developed, information should
be regarded as a key supply needed to fuel a core
production process. Inventory management strategies
that optimize the timely transfer of information stock
to decision-making clinicians will reduce decision var-
iability, improve workflow, and reduce quality depen-
dence on inspection. Information storage and distri-
bution strategies based on Web-browser technology
are facilitating a paradigm shift from clinician-di-
rected toward resource-directed information manage-
ment, and this shift will make it easier to implement
JIT information management solutions. This shift will
also depend on control systems designed to intelli-

gently select and effectively display task-specific pa-
tient data and clinical knowledge. These control sys-
tems, in turn, will depend on a still undetermined
standardized clinical vocabulary and emerging strat-
egies for the real-time capture of coded data. None-
theless, complete codification of patient data is not
necessary for clinical production purposes, and may
be counterproductive.

Finally, the framing of clinical decision making as an
industrial process is not intended to depersonalize de-
cision making or suggest a diminished role for indi-
vidual clinician expertise. While the payoffs of im-
proved information-management strategies are
consistent with the societal and institutional impera-
tives of reduced practice variation and more appro-
priate resource utilization, individual clinician deci-
sion makers and their patients will benefit most
directly. Clinicians will be free to focus their expertise
on synthesizing available clinical knowledge and pa-
tient data rather than wasting precious time and effort
on simple information-retrieval tasks, and patients
will benefit from higher quality decisions as a result.
If efficiency gains and associated time savings are not
entirely translated into higher production expecta-
tions, then physicians may even have more time to
spend communicating with and enjoying their pa-
tients.
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